The large product variety offered by many e-tailers makes it impractical for consumers to browse all products before making a purchase. Thus, an important question that these e-tailers face is how they should rank their large assortment of products. The well-accepted best practice in academia and industry is to rank products in decreasing order of their popularity. However, the optimality of this
approach assumes that customers (a) know their expected utility for all products in the assortment even before seeing them, and (b) stop searching after they find a product that they like "enough". With these assumptions, academics have modeled the ranking problem as an optimal stopping problem, trading off incremental expected utility vs. search cost. Although these assumptions may be realistic in some settings -e.g. purchasing a flight -they are unrealistic for e-tailers whose customers (a) don't have a good idea of the "styles" of products offered, (b) browse items that a priori they didn't realize they needed, and/or (c) continue searching after they find a product they like, in hopes to find more.
Examples of such retailers include fashion retailers and retailers offering curated sales events promoting a large product variety.
We consider the product ranking problem for such a setting and assume that customers form an opinion about products offered by the retailer or in the sales event ("event", for short) by looking at k products and deciding if they like the event and want to keep searching for more products. Specifically, we assume that if a customer clicks on any of the first k ranked products (which signals that she likes the product), she will be "hooked" and will browse the rest of the products in the event; if she does not like any of the first k ranked products, she will stop browsing the event. As it is difficult to estimate k in practice, we allow k to be unknown and vary across customers. Furthermore, a customer's interest in products may be (and likely is) correlated. Our goal is to maximize the number of hooked customers as this is proportional to revenue and long-term customer value.
In our ranking problem, it is important to rank products both based on notions of popularity and diversity. Clearly, popularity is important: the more popular the product, the more likely a customer is to click on the product and continue browsing the rest of the products in the event. However, it is not the only important metric. Consider a simple illustrative example with three products and k = 2, where products A and B are both liked by the same 60% of customers, and product C is liked by the other 40% of customers. Ranking by popularity alone will result in products A & B being ranked first and second, and since k = 2, this would hook only 60% of customers. If products A & C were ranked first and second instead, all customers would be hooked. The notion of product diversity -a set of products appealing to multiple types of customers -must also play an important role in ranking decisions. In fact, we show that ranking by popularity alone could be arbitrarily bad in our setting.
We first recognize that the full-information version of our problem -where the retailer knows which products each customer will like a priori -can be modeled as a maximum coverage problem: we want to find the products such that the maximum number of customers click on at least one of the products. This problem is well-studied but NP-hard, and it has been shown that a greedy algorithm gives the best possible approximation (1 -1/e). Our challenge is that the retailer does not know which products each customer will like a priori, and the retailer must learn this over time. Thus, we have developed a new machine learning algorithm that dynamically ranks products over time and mimics the greedy algorithm for the maximum coverage problem when customer interests are initially unknown.
Our algorithm iteratively selects products to be ranked; in each iteration, it learns the most popular product for customers that are not already hooked. We prove that our algorithm converges to the greedy solution of the maximum coverage problem as the number of customers grows. We also offer practical approaches to speed up our algorithm with little performance loss for the case where the number of customers is not large. Finally, we discuss extensions of our algorithm that address operational constraints such as stockouts.
We partner with Wayfair, a large online retailer selling home goods, to test our algorithm on their curated sales events. Using their data to generate realistic parameters, our simulations suggest our algorithm's regret is approximately 10-15% when compared to the (unrealistically attainable) fullinformation setting where Wayfair knows which products each customer will click on a priori -much better than the theoretical asymptotic bound of 1 -1/e. We are currently in the process of implementing our algorithm to run controlled experiments and should have results to share at the conference.
